The multiattribute rotation scheme (MARS) is a methodology that uses a numerical solution to estimate a transform to predict petrophysical properties from elastic attributes. This is achieved by estimating a new attribute in the direction of maximum change of a target property in an n-dimensional Euclidean space formed by an n number of attributes and subsequent scaling of this attribute to the target unit properties. We have computed the transform from well-log-derived elastic attributes and petrophysical properties, and we have posteriorly applied it to seismically derived elastic attributes. Such transforms can be used to estimate reservoir property volumes for reservoir characterization and delineation in exploration and production settings and to estimate secondary variables in geostatistical workflows for static model generation and reserve estimation. To illustrate the methodology, we applied MARS to estimate a transform to predict the water saturation and total porosity from elastic attributes in a well located in the Barents Sea as well as to estimate a water-saturation volume in a mud-rich turbidite gas reservoir located onshore Colombia.
Introduction
A common way to understand the relationship between seismic attributes and a petrophysical property is by the use of rock-physics templates (Ødeggard and Avseth, 2004) or simply by cross plotting welllog-derived elastic attributes against a color-coded petrophysical property. Both ways graphically illustrate the relationship between the elastic and petrophysical domains, which can be used to estimate reservoir properties from seismic inversion attributes. The multiattribute rotation scheme (MARS) is a methodology that uses a numerical solution to estimate a mathematical expression that reproduces the aforementioned phenomena. This method uses measured and/or rockphysics-modeled well-log information, as an input, to estimate a well-log-derived transform between several elastic attributes and the target petrophysical properties. Multiple elastic attributes such as P-wave impedance I P , S-wave impedance I S , P-to-S velocity ratio V P ∕V S , the product of density and Lamé's parameters λρ and μρ (Goodway et al., 1997), Poisson's ratio σ, the product of density by bulk modulus Kρ, the product of density and dynamic Young's modulus Eρ, Poisson dampening factor (PDF) (Mazumdar, 2007) , elastic impedance (Connolly, 1999) , PS elastic impedance (Gonzalez et al., 2003) , etc., can be used in the MARS assessment. This methodology evaluates the relationship between all possible elastic attributes spaces and a target petrophysical property using a similar correlation approach to the one used by Whitcombe et al. (2002) in the extended elastic impedance methodology. The final goal of this workflow is to apply the resultant transform over seismically derived elastic attributes to predict the spatial distribution of petrophysical reservoir properties.
Method and theory
MARS estimates a new attribute τ in the direction of maximum change of a target property in an n-dimensional Euclidean space formed by an n number of attributes. We search for the maximum correlation between the target property and all of the possible attributes that can be estimated via an axis rotation of the basis that forms the aforementioned space. Figure 1a shows a sketch illustrating an example for the particular case of two dimensions. This figure shows a crossplot of two attributes color coded by a target property. Dashed gray arrows represent new attributes estimated via axis rotation. The blue arrow represents the elastic attribute τ that shows the maximum correlation with the target petrophysical property. In Figure 1b, the angles of the rotation ðθÞ used to estimate the new set of attributes are crossplotted against its correlation coefficients with the target property, with the goal of identifying the angle exhibiting the maximum correlation ðθ i Þ.
The attribute τ for the specific cases of two and three dimensions are given by
and
where A 1 , A 2 , : : : , A n are elastic attributes; S 1 , S 2 , : : : , S n are scale factors used to equalize the order of magnitude of the attributes; θ i , φ j , : : : , γ n are the angles where . Panels (a-g) show V P , V S , density, S w , ϕ t , V clay , and V calcite . The red curves show the original logs, whereas the black curves show upscaled versions to seismic resolution, which were obtained by low-pass filtering the input well logs.
the maximum correlation is reached ( Figure 1b) ; and n is the number of input attributes. Using attributes with similar orders of magnitude is a necessary condition to achieve an effective evaluation of any attribute space because constant angle sampling is used in axis rotations. Because different attribute combinations produce different results, this methodology uses an exhaustive evaluation of all possible n-dimensional spaces (formed by n attributes) and angles to find an attribute τ that represents the global maximum correlation with the target petrophysical property. The total number of attribute spaces (N s ) to be evaluated in a MARS run is given by
where N A is the total number of elastic attributes to be used, and N D is the dimension of the attribute spaces to be evaluated. The final step in this workflow is to scale the attribute τ to units of the target property y:
where the coefficients m and c can be estimated by fitting a line between the attribute τ and the actual petrophysical property.
Case study 1: Barents Sea well 7120/12-2 Input data Figure 2 shows the well log data used as an input for the MARS application. These data consist of both fundamental elastic properties (P-wave velocity V P , S-wave velocity V S , and density), and target petrophysical properties, e.g., water saturation S w , total porosity ϕ t , and clay volume V clay logs. Because the final goal of MARS is to predict petrophysical properties using seismically derived elastic attributes, the first step consists of lowpass filtering the input well logs to approximate seismic resolution (black log curves in Figure 2 ).
Attribute computation
Any combination of elastic attributes that can be estimated independently from seismic inversion products and V P , V S , and density well logs can be used in the MARS analysis. Table 1 shows an example of a set of attributes that can be used in a MARS assessment. In this table, each number represents a single attribute, which is obtained after applying the mathematical op- Table 1 . Example of a set of attributes used in a MARS run. Each number represents a single attribute, which is obtained after applying the mathematical operation shown in the leftmost column to the uppermost row. For example, the number 21 represents the attribute 1∕λρ. Because I 2 S μρ and μρ p I S , these attributes have not been used in the analysis. Figure 3 . (a) Matrix showing the value of the correlation coefficient between the S w log and the attribute τ, for each evaluated crossplot space. The row and column indexes represent the attributes specified in Table 1 . Note that this is a symmetric matrix and the color map has been set to highlight the highest correlation coefficient values; i.e., all the values in the matrix less than 0.937 are shown in blue. (b) Attribute spaces and angles where the two highest correlations with the S w log were found (I and II in Figure 3a ).
Interpretation / November 2015 SAE11 eration shown in the leftmost column to the elastic attribute shown in the uppermost row. For example, the number 21 represents the attribute 1∕λρ. The purpose of applying a mathematical operation (such as square root, power, inverse, logarithm, etc.) to attributes is to be able to model physical phenomena that exhibit nonlinear behavior. This is a mathematical strategy to linearize potential nonlinear relationship between the elastic attributes and the petrophysical properties, used with the goal of improving the correlation between the attribute τ and the target petrophysical property.
Water saturation estimation from two attributes For the S w estimation, MARS was run for a 2D combination of the 64 elastic attributes shown in Table 1 , which can be derived from I P and I S , resulting in the evaluation of 2016 independent bidimensional spaces (see equation 3). Figure 3a shows a matrix with the absolute value of the highest correlation coefficient between the S w log and the attribute τ, for each evaluated crossplot space. In this figure, the row and column indexes represent the attributes specified in Table 1. Note that this is a symmetric matrix, and the color map has been set to highlight the highest correlation coefficient values; i.e., all the values in the matrix less than 0.937 are shown in blue. Even though MARS is a deterministic approach, the final solution is not unique; there are several crossplot spaces that can be used to create attributes with a high correlation to the target property. Figure 3b shows the attribute spaces (I and II) in which the two highest correlation values with the S w log were found. In these attribute spaces, 1∕λρ versus 1∕Kρ and 1∕I P versus 1∕λρ, the correlation coefficient found with the S w log was 0.9516 and 0.9515, respectively, which implies that either of these spaces can be equally used for the final application. Figure 4 shows the results obtained after running MARS and the comparison between the actual and predicted S w logs. Figure 4a shows a table with the resultant parameters that were used in equations 1 and 3 to estimate an S w log from elastic attributes. This table shows a comparison of the results obtained when original logs and upscaled logs are used. Although the estimated θ i shows a small difference between the two cases, the m and c values differ more due to the difference in the dynamic range between the original and the upscaled well-log data. Figure 4b shows a crossplot of θ versus the correlation coefficients between the derived set of attributes (estimated via axis rotation) and the S w log; this shows a maximum correlation for θ ¼ −68.5°. Figure 4c and 4d shows a comparison of the actual and predicted S w logs in the 1∕λρ versus 1∕Kρ crossplot space. In these figures, the blue arrows that are orthogonal to the gray lines indicate the direction of maximum change of S w in this space. Figure 4e shows a comparison between the actual and predicted S w logs for the log scale and upscaled cases. Note that the S w Figure 7 . (a) Well-log information for well A. From left to right: V P , V S , density, V clay , ϕ t , and S w . (b) Well-log information for well B. From left to right: V P , V S , density, V clay , ϕ t , and S w . The red curves show the original logs, whereas the black curves show the upscaled versions to seismic resolution. curve is predicted very well in both cases using these two attributes. The upscaled results should be used to estimate a seismically derived S w volume from seismically derived elastic attributes. On the other hand, some standard rock physics attributes spaces were used to compare the behavior of the actual and predicted S w ( Figure 5 ). Even though the property in question follows a nonlinear trend in most of these spaces in comparison with final domain used for the transform estimation (Figure 4c and 4d) , trends of the predicted property match very well with the actual property. It demonstrates that the MARS technique worked effectively to solve the problem using linear equations.
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Total porosity estimation from two and three attributes For this case, it was assumed that a density attribute was available, which can be estimated from prestack seismic inversion if data from a wide aperture of reflection angles is available (Roy et al., 2006) and/or from prestack inversion of multicomponent seismic data (Garcia et al., 2010) . Figure 6a shows a comparison of the final parameters obtained after applying MARS in a 2D and 3D configuration. In the case of three attributes, two rotation angles have to be applied (see equation 2). Figure 6b shows a crossplot between angles θ and φ color coded by the correlation coefficients between ϕ t and the set of attributes estimated via axis rotation. This plot is equivalent to the one shown in Figure 1b , but for the 3D case. Figure 6c and 6d shows a comparison of the actual and predicted ϕ t logs in the 3D space defined by ρ 2 versus 1∕λρ versus PDF. Figure 6e shows a comparison between the actual and predicted ϕ t from two and three seismic attributes. The correlation coefficients between the attribute τ and ϕ t increases from 0.8398 to 0.9536 when three attributes are used. The actual and estimated ϕ t have a very good match for the three different lithologies that are present: sandstone, clay, and limestone.
Case study 2: Onshore Colombia
For this case study, MARS was used to estimate an S w volume using a 2D approach in a mud-rich turbidite gas reservoir, of early and middle Miocene age, located onshore Colombia. The main reservoir consists of laminar, low-permeability sands in a thick shale-prone SAE16 Interpretation / November 2015 marine sequence, which was laid down in basin-floor conditions . Two wells (wells A and B) with a complete suite of high-quality measured elastic and petrophysical logs were available in the area (Figure 7 ), but only one of them (well A) was used in the analysis. The other well was used as a blind test of the MARS technique. Well-log and seismic gather conditioning followed by a prestack simultaneous seismic inversion were performed in the area , to obtain seismically derived volumes of I P and I S . Figure 8a and 8b shows cross sections through the resultant I P and Poisson's ratio cube along wells A and B, together with its logs of I P and Poisson's ratio upscaled to seismic resolution. Note the good match between the seismic and well-log-derived attributes. This is an important requirement for obtaining reliable reservoir property volumes from the MARS technique. Figure 9 shows the results obtained after running MARS on well A using upscaled log data. The global maximum correlation between the attribute τ and S w was found in the attribute space p Is versus 1∕σ at −19°, with a correlation of −0.9625. Notice in Figure 9a , that in addition to this domain, several attribute spaces exhibited a very high correlation between τ and S w , which implies that any of these spaces can be potentially used for the final application to the seismic data. Figure 9c shows the resultant parameters that were used in equations 1 and 4 to estimate an S w transform from elastic attributes. Figures 9e, 9f , and 10a show a comparison between the actual and predicted S w in the crossplot space 1∕σ versus p I S and in the spatial domain, showing an excellent match between the actual S w log, estimated though a petrophysical analysis and the S w log estimated from elastic attributes using the MARS analysis. Next, as a quality-control step, the transform computed from well A was applied to the elastic properties measured at well B to compute S w at well B. The result is shown in Figure 10b , in which there is a very good agreement between actual and predicted S w logs. Finally, the resultant transform was applied to seismically derived volumes of p I S and 1∕σ to obtain a volume of S w . A cross section of the resultant S w volume along wells A and B along with its S w logs are shown in Figure 10c . In this figure, it is possible to see a good match between the seismic and well-log-derived S w , not only at well A, which was used in the MARS assessment, but also at well B, which was used as a blind test location.
Conclusions
MARS is an accurate and robust method to predict petrophysical properties from elastic attributes using a numerical solution. For the case studies shown, customized transforms were found for the analyzed geologic setting to estimate reservoir properties from elastic attributes. The final goal of this workflow is the application of these transforms to seismically derived attributes to generate volumes of these properties; for this reason, the quality of the results also depends on the accuracy of the seismic inversion products, which can be affected by the noise level of the seismic data. The resultant reservoir property volumes obtained from the MARS assessment can be used in production and exploration settings for reservoir characterization and delineation and as soft variables in geostatistical workflows for static model generation and reserve estimation. ence. In 2008, he transferred to Tricon Geophysics Inc., where he was responsible of conduct seismic reservoir characterization services worldwide. During these years, he also taught numerical methods and seismic interpretation for the Geophysics Department of the Universidad Central de Venezuela. Here, he also advised some B.S. thesis work. In 2012, he joined Rock Solid Images as a seismic quantitative interpreter. Currently, he is the technical advisor for the seismic geoscientists group of that organization.
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